© Versita Sp. z o.o. CORAL software (http:/www.insilico.eu/coral) has been used to build up quantitative structure-biodegradation relationships (QSPR). The normalized degradation percentage has been used as the measure of biodegradation (for diverse organic compounds, n=445). Six random splits into sub-training, calibration, and test sets were examined. For each split the QSPR one-variable linear regression model based on the SMILES-based optimal descriptors has been built up. The average values of numbers of compounds and the correlation coefficients (r 2 ) between experimental and calculated biodegradability values of these six models for the test sets are n=88.2±11.7 and r 2 =0.728±0.05. These six models were further tested against a set of chemicals (n=285) for which only categorical values (biodegradable or not) were available. Thus we also evaluated the use of the model as a classifier. The average values of the sensitivity, specificity, and accuracy were 0.811±0.019, 0.795±0.024, and 0.803±0.008, respectively.
Introduction
Persistent organic pollutants are toxic organic compounds that are persistent in the environment and thus may have a greater risk to accumulate in biological organisms [1] [2] [3] [4] [5] [6] [7] . Chemicals having the potential to persist in environmental media, to undergo long-range transport via water and the atmosphere, to accumulate in the tissues of living organisms, and (in some cases) to cause adverse biological effects after long-term exposure, are the focus of national and international risk management measures, due to the special concerns they raise for human health and the environment [8] [9] [10] . These compounds are classified as Persistent, Bioaccumulative and Toxic (PBT) or very Persistent and very Bioaccumulative (vPvB) according to the European REACH regulation for chemicals.
A chemical is defined as persistent if it resists degradation processes and is present in the environment for a long time [12] . Persistent (P) and very persistent (vP) refer to chemicals that have degradation half-lives above certain trigger values in surface water, sediment or soil [12] . The triggers are reported in the Annex XIII of REACH. This Annex also explicitly indicates the use of biodegradation QSAR models as screening methods: if they (safely) predict the compound as non-persistent it can be classified as nP (non-persistent), otherwise experimental tests are necessary to evaluate the biodegradability.
In the European Chemicals Agency (ECHA) guidelines, biodegradation is defined as the biologicallymediated degradation or transformation of chemicals carried out by microorganisms. Most of the models generate qualitative predictions (usually, ready vs. nonready biodegradability) [8] [9] [10] . Indeed, the OECD tests for ready biodegradability according to OECD guideline 301 [11] represent the most prominent group of standardized experimental biodegradation screening tests [9, 12] . The most common procedure is the OECD 301c test, based on the MITI1 test.
Quantitative structure-activity relationships (QSAR) are a tool for the modern natural sciences [14] [15] [16] . QSAR for the prediction of biodegradability have been built up [8, 10, 17] . The aim of the present study is the estimation of CORAL software as a possible tool to model the biodegradation of organic compounds by means of QSARs calculated with the optimal descriptors based on the simplified molecular input line entry system (SMILES).
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Experimental procedure
Data
Experimental data on the normalized degradation percentage (NDP) and qualitative data on the NDP were taken from different sources [18] [19] [20] [21] .
A dataset of 730 compounds with continuous and discrete values of ready biodegradability (i.e., percentage of degradation at 28 days) was obtained extracting data from the OECD toolbox v2.0 and from BioWin v4.10 (data used to build and test the Linear and Non-Linear MITI Biodegradation Model (i.e., Biowin 5 and Biowin 6). OECD toolbox v2.0 contains continuous values, whereas BioWin v4.10 contains discrete values: 0 means that the percentage of biodegradation is below the threshold of 60%, 1 that the threshold is reached (i.e., the substance is ready biodegradable). All the data are obtained performing the MITI-1 test. The compounds in common between the two datasets were checked for agreement: the compounds with values in disagreement were eliminated.
The 445 compounds with continuous values were involved in order to build up the model. Six random splits were prepared on the basis of the 445 compounds. These splits are random, but the range of endpoint for sub-training, calibration, and test sets is approximately equivalent. The additional 285 compounds characterized by discrete values (0 means stable; 1 means biodegradable) were used to test the model. If the predicted biodegradability ≤0.5 then one should expect that a substance is stable; vice versa, if the predicted biodegradability >0.5 then one should expect a substance is biodegradable.
On the one hand, each model calculated with the Monte Carlo method is a random event. On the other hand, each model is a measurement of the statistical characteristics which are obtained by a given approach. Thus, average values of the statistical characteristics for a group split are more informative than the statistical characteristics of the model for solely one split. However, carrying out hundreds of such measurements results in extremely time-intensive calculations. We have estimated six random splits as a reasonable compromise between the reliability of the results and the time of the calculations.
Optimal SMILES-based descriptor
The structural descriptor used for one-variable models of the biodegradability is calculated as 
where ATOMPAIR is defined in the following way. We consider nine SMILES elements: F, Cl, Br, N, O, S, P, double bond, triple bond. Then the software checks for the simulataneous presence of two of these SMILES elements. Similarly, the software searches for the occurrence of these bonds in the BOND index: double, triple, or stereochemical bonds, and if they are present at the same time in the molecule. The NOSP index looks specifically for the occurrence of these atoms: N, O, P, S, and if they are present together or not. Finally, the HALO index searches in the molecule the occurrence of halogens: F, Cl, Br, and if they are present simultaneously in the molecule. Table 1 contains SMILES is a sequence of symbols which are a representation of a molecular structure. Hence, one can speak about above-mentioned SMILES symbols as about molecular fragments (e.g. S k , SS k , SSS k ). However, ATOMPAIR, BOND, NOSP and HALO are not fragments: they are descriptors for combinations of different molecular features.
There are symbols which themselves are representations of a molecular feature, e.g. 'c', 'C', 'N', etc. There are undivided pairs of symbols which represent a molecular feature, e.g. 'Cl', 'Br', '@@', etc. We have denoted both these kinds of information as SMILES atoms (S k ). SS k and SSS k are combinations of two and three SMILES atoms. E.g. if the SMILES is ABCDE, the SS k are AB, BC, CD, and DE; similarly SSS k are ABC, BCD, and CDE. In order to avoid situations where the same molecular fragment is represented twice (i.e., AB and BA), the SS k and SSS k are ordered according to ASCII codes of symbols. It is to be noted, that for a SMILES attribute that contains four SMILESatoms SSSS k , it is impossible to define the rule for selection of solely one "correct" possibility that is similar to the above-mentioned AB-BA or ABC-CBA. CW (x) is the correlation weight for a SMILES attribute x (x = ATOMPAIR, BOND, NOSP, HALO, S k , SS k , and SSS k ). Each SMILES attribute for registration and for the Monte Carlo calculations is represented by a sequence of twelve symbols (Table 1 ). The first four symbols are the first zone; the second four symbols are the second zone; finally, the third four symbols are the third zone (Table 1 ). All three zones are necessary for the SMILES attributes involving three SMILES atoms (i.e., SSS k ). The SS k are represented in the first and second zones. The S k are located in the first zone. Vacant positions in this twelve-symbols representation are indicated by 'x'. CW(x) are calculated with the Monte Carlo method. The classic scheme is to build up a model that is satisfactory for the training set and evaluate that the model is also appropriate for external optimization sets. However, the balance of correlation seems a more realistic approach. This approach, based on the split of the training set into sub-training and calibration sets, is aimed at avoiding overtraining by means of the control of the statistical quality of the model for the calibration set. The balance of correlation is the optimization with target function BC= R+R'-ABS(R-R'), where R and R' are correlation coefficients for the sub-training and calibration sets, respectively. Thus, the calibration set plays the role of a 'preliminary test set'.
The correlation weights of rare molecular features (which are represented by SMILES attributes) are improving the statistical quality only for compounds which are involved in the sub-training or calibration sets (but not for the test set). Thus, the reliable model must be based on molecular fragments which are not rare. For this reason we introduced a threshold which is a tool to select SMILES attributes which are 'not rare'. If the threshold is defined as five, then all SMILES attributes (including ATOMPAIR, BOND, NOSP, HALO, S k , SS k , and SSS k ) which take place only in four (or less) SMILES of the training set will be classified as rare. The correlation weights for "rare" attributes will be defined as zero. Table 1 contains an example of the calculation of the optimal descriptor (Split 1).
The Supplementary materials section contains SMILES, numerical (n=445), qualitative (n=285) data for studied substances, and correlation weights used for calculating DCW(2,11) in Eq. 2. Table 2 contains the statistical quality of the model obtained for cases with the threshold from 0-3 and the number of epochs of the Monte Carlo optimization for the correlation weights N epoch =30. Fig. 1 shows the representation of a co-evolution of correlations for the sub-training, calibration, and test sets for split 1. The preferable threshold for split 1 is 2 and the preferable number of epochs of the Monte Carlo optimization (N*) is 11 (Fig. 2) . The preferable N* and T* give the maximum correlation coefficient between the experimental and calculated value of an endpoint for the test set. In fact, the correlation coefficient between experimental and predicted biodegradability is a mathematical function of the threshold and the number of epochs of the Monte Carlo optimization. Fig. 2 shows the scheme for definition of N* and T*. From Table 2 , one can see that the N* values are 11, CORAL: the prediction of biodegradation of organic compounds with optimal SMILES-based descriptors 14, 19, 20, 20 , and 15 for splits 1-6, respectively. The preferable threshold (T*) is 2 for all splits. The statistical characteristics of the models for splits 1-6 calculated with threshold 2 (i.e. T*=2) and abovementioned N* are the following: As a further check on the model performance, we took the data for which we had only values reported as classes: degradable or not. These data could not be used to build up the model, because the CORAL model is a regression model, and thus continuous values are needed. Thus, this exercise can be considered as both an example of the use of the model as a classifier and as an external validation study. The predictive potential of the models calculated with Eqs. 2-7 has been checked with qualitative data on the biodegradability (n=286). Table 3 contains sensitivity, specificity and accuracy values for the validation set.
Results and discussion
One can see (Eqs. 2-7 and Table 3 ) that the statistical quality of the described models varies for different splits. For random splits #1, #3, and #6 (Eqs. 2, 4, and 7) R 2 tes t ≥0.75, whereas for split 2 (Eq. 3) R 2 test =0.63. We submit that one should expect that correlation coefficients for different splits will be different. The range of correlation coefficients for a group of random splits is important information: the average value of the correlation coefficient for the test sets is 0.728±0.05 (Eqs. 2-7). Thus, the proposed approach can be used to model the biodegradability.
Probably, at present, a QSAR study on NDP is absent, but the prediction of rate constants for radical degradation of aromatic pollutants is a task similar to the prediction of the biodegradability [22] . The four-variable linear regression model based on DRAGON descriptors together with quantum mechanics parameters is statistically characterized by the following n=60, r 2 =0.735, s=0.174 (training set) and n=18, r 2 =0.760, s=0.200 (test set). Thus, the predictability of onevariable regression models calculated with Eqs. 2-7 can be estimated as equivalent to the predictability of the above-mentioned model. In other words, predictions which have been obtained by the approach described above are reasonably good.
Predicting the biodegradability of chemicals can be done with special rules [10] based on the presence of various molecular features, e.g. presence of C-O, C=C, Table 3 .
Split 1
The The testing of models (splits 1-6) against external qualitative data on biodegradability (n=285). True positive means a prediction where the biodegradability is modeled correctly and classified a chemical as biodegradable, analogical definitions for "true negative", "false positive", etc.
Cl, aromatic groups, various cycles, etc. The accuracy of the model for biodegradability described in the literature [10] is about 77-89% (350-400 compounds). In fact the accuracy of the models calculated with Eqs. 2-7 (Table 3) is similar: one can see (Table 3) , that for all six models this criterion is about 0.80, consequently, the number of false positive and false negative predictions for all splits is about 53-55 compounds, i.e., 19-20%. Hence, the numerical values of these criteria for models (classification into two classes: biodegradable or not biodegradable) which are calculated with Eqs. 2-7 are quite good.
There are several software packages available for the generation of SMILES notations (http://depth-first. com/articles/2007/04/03/creating-canonical-smileswith-ruby-open-babel/). We have used the canonical version of SMILES notations (ACD/ChemSketch Freeware, v. 11.00, Inc., Toronto, Canada, www.acdlabs. com, 2007) . However, we deem that selected global SMILES attributes (i.e. ATOMPAIR, BOND, NOSP, and HALO) most probably will be the same for the majority (maybe for all) versions of SMILES. Unfortunately, local SMILES attributes considerably depended upon the difference in various SMILES formats. Consequently, for a robust model, one should use the same SMILES for all compounds. The best way is to use canonic SMILES.
Conclusions
1. The CORAL software gives reasonable models for the biodegradability of organic compounds; 2. The model can be used both to predict continuous values, and, from these values, chemicals can be categorized as persistent or not; 3. The suggested modeling process for biodegradability is based on the representation of the molecular structure by SMILES and on the experimental data.
